Abstract This paper evaluates the relative efficiency of a sample of 37 large pharmaceutical laboratories in the period 2008-2013 using a data envelopment analysis (DEA) approach. We describe in detail the procedure followed to select and construct relevant inputs and outputs that characterize the production and innovation activity of these pharmaceutical firms. Models are estimated with financial information from Datastream, including R&D investment, and the number of new drugs authorized by the European Medicines Agency (EMA) and the US Food and Drug Administration (FDA) considering the time effect. The relative performances of these firms-taking into consideration the strategic importance of R&D-suggest that the pharmaceutical industry is a highly competitive sector given that there are many laboratories at the efficient frontier and many inefficient laboratories close to this border. Additionally, we use data from S&P Capital IQ to analyze 2071 financial transactions announced by our sample of laboratories as an alternative way to gain access to new drugs, and we link these transactions with R&D investment and DEA efficiency. We find that efficient laboratories make on average more financial transactions, and the relative size of each transaction is larger. However, pharmaceutical companies that simultaneously are more efficient and invest more internally in R&D announce smaller transactions relative to total assets.
Introduction
Managing a research and development (R&D) portfolio of new drugs in the pipeline is a challenging task that involves an active selection and reallocation of resources. In order to be efficient, pharmaceutical laboratories should decide upon strategic issues regarding the laboratory size, internal and external growth options and synergies, and diversity of innovative drugs in each therapeutic area. This decision making should take into consideration the R&D strategies of their competitors.
In this regard, large pharmaceutical laboratories have two nonexclusive alternatives for managing their portfolio of new drugs in an efficient way. They may develop new drugs internally, but simultaneously they may also engage in mergers and acquisitions (M&As)-or other financial transactions-to obtain new drugs or to change the composition of their portfolio of promising drugs (sometimes simultaneously selling new drugs and buying other types of new drugs); see Fig. 1 .
Thus, the market for technology is a way to both acquire and sell knowledge [3] either through collaboration (coresearch, co-development, or other collaborations), licensing or (and) trough financial transactions. Nishimura and Okada [47] examine how R&D portfolios of Japanese pharma labs affect licensing decisions (license out and inward licensing). They observe drug pipelines quite accurately due to the rigorous regulatory process of clinical testing. They conclude that drug pipelines may dictate a licensing decision as a result of portfolio adjustment across different stages.
A second alternative to buy (and also sell) knowledge is through financial transactions. In this paper, we measure relative efficiency of pharmaceutical labs and then perform several regressions to test whether efficient labs announce more or less financial transactions than inefficient labs in order to realign their R&D portfolios.
To the best of our knowledge, regarding the measurement of efficiency of pharma labs, the only contribution similar to this paper is the one by Shimura et al. [52] , where large pharmaceutical firms are categorized into four groups (on the basis of their respective R&D efficiency) and two dimensions (one based on DEA efficiency scores and the other based on effectiveness scores) in order to analyze R&D productivity. They consider new molecular entities from 21 global pharmaceutical companies in the period 2002-2007 from a database provided by Barclays capital. However, many new drugs in the pipeline do not reach Phase III and some drugs reach it faster than others, so the R&D activity of a pharmaceutical laboratory is composed of both successful and unsuccessful drugs. These authors account for this by considering R&D expenditure and net present value.
The DEA efficient frontier in our output-oriented model comprises laboratories that perform better than others. A laboratory in the sample is efficient, given its inputs, if it is not possible to find a linear combination of laboratories in the sample having the same inputs and yielding higher outputs. In our case, we use information about successful new drugs from medicines authorized by the EMA and the FDA but in our models we also consider financial information from Datastream, aiming to take into consideration both short-term and long-term indicators of the success of R&D activity. So, accounting information, market information, and data about new authorized drugs are combined in our DEA efficiency models. In the case of new authorized drugs, we take the time effect into account in a more precise manner. We focus exclusively on DEA efficiency scores, and our objective is to extract as much information as possible from them. Regarding internal and external R&D activity, Comanor and Scherer [16] indicate that, in response to lagging innovation, some companies have sought refuge in M&As. Shimura et al. [52] in their 2002-2007 sample, showed that companies with lower R&D relative to efficiency were more likely to engage in consolidation.
Higgins and Rodriguez [32] focus on the acquisition of knowledge by examining the performance of 160 pharmaceutical acquisitions from 1994 to 2001 and find that on average acquirers realize significant positive returns. These returns are positively correlated with prior acquirer access to information about the R&D activities at target firms and a superior negotiating position. They also find that firms experiencing declines in internal productivity or which are more desperate are more likely to engage in an outsourcing-type acquisition in an effort to replenish their research pipelines.
Girotra et al. [26] indicate that value of an R&D project depends not only on its properties but also on the other R&D projects being developed by the pharma lab. They conduct an event study around the failure of phase III clinical trials and their effect on the market valuation of the lab. They find that the presence of other R&D projects targeting the same market and a build-up of projects that require the same development resources reduce the value of an R&D project.
Hagedoorn and Wang [31] , using a panel sample of 83 incumbent pharmaceutical firms during the period 1986-2000, find that internal R&D and external R&D, through either R&D alliances or R&D acquisitions are complementary innovation activities at higher levels of inhouse R&D investments, whereas at lower levels of inhouse R&D efforts, internal and external R&D turn out to be substitutive strategic options. Kang et al. [38] show that external technology acquisition has an inverted U-shaped relationship with subsequent technology innovation performance, and that is not complementary to internal R&D activities.
Bena and Li [7] , using a large sample of acquirers with patents and targets with patents over the period , focus on corporate innovation activity as a source of synergy. They find that firms with large patent portfolios and low R&D expenses are more likely to be acquirers, while R&D-intensive firms with slow growth in patent output are more likely to be acquired. Also, technological overlap between firms' innovation activities has a positive and significant effect on the likelihood of a merger pair formation. The likelihood of a merger is reduced for firm pairs that also overlap in product markets. Finally, they show a positive treatment effect of a merger on post-merger innovation output when there is premerger technological overlap between merging firms. They conclude that synergies obtained from combining innovation capabilities are an important motivation for corporate acquisitions. The findings of their paper suggest several new directions for future research and they mention first that their paper highlights that many merger transactions are driven by efficiency motives.
Our paper tries to contribute to previous literature relating lab efficiency as a whole to internal and external R&D strategies. The novelty of our approach is that we consider large laboratories from different countries and, simultaneously, we combine in a novel way alternative sources of data-Datastream, the European Medicines Agency (EMA) and the US Food and Drug Administration (FDA)-to select and construct relevant inputs and outputs that characterize the production and innovation activity of large pharmaceutical companies. Previous papers have estimated either DEA efficiency or DEA total factor productivity of pharmaceutical laboratories, but most of them consider laboratories from a single country [27, 33, 43] or consider innovation in several countries but the unit analyzed is not the pharmaceutical laboratory but the country itself [29, 50] .
In addition, when measuring R&D efficiency of either countries or pharmaceutical firms, most previous papers consider the number of patents as a proxy for R&D output [19, 30, 37] . In our study, as a proxy for R&D output we consider not only the number of new chemical entities (excluding generics) approved by the EMA and the FDA for each laboratory, but also we adjust this figure considering the specific date of authorization of each approved medicine. Although studies considering patents adjust for the quality of patents by considering the number of times that a patent has been cited, in our case only the most successful new drugs in the pharmaceutical pipeline (after a successful Phase III evaluation) are approved by the EMA and/or the FDA, so we consider this measure to be a better proxy for successful R&D than patents.
We consider a common efficiency frontier for large pharmaceutical firms irrespective of their country of origin given that they compete with each other when trying to obtain new drug authorizations from the EMA and/or the FDA. Also, firms with authorized medicines sell the same chemical entities in many different countries, and global investors in the pharmaceutical sector analyze the big laboratories' returns and risks when deciding on portfolio weight and diversification issues. So pharmaceutical companies are global in several dimensions.
After dropping laboratories with any missing values, we end up with a final sample of 37 large firms. If these are compared with the Datastream sample of 241 companies, our sample accounts for more than 80 % of market value, net sales and net income. Thus, we believe that our 37-laboratory sample is significantly representative of the pharmaceutical industry.
This article aims to measure first the relative efficiency of a sample of 37 large pharmaceutical laboratories from different countries, which can be considered representative of this industry, in the period 2008-2013 using a Data Envelopment Analysis (DEA) non-parametric approach. Our results suggest that the pharmaceutical industry is a competitive sector with many laboratories at the efficient frontier and many inefficient laboratories close to the frontier. Then, we split our sample into efficient labs and inefficient labs and we analyze in detail financial transactions announced by efficient and inefficient labs.
The paper proceeds as follows. ''Efficiency measurement in pharmaceutical firms'' describes efficiency measurement in pharma labs, ''DEA efficiency: Results and discussion'' discusses DEA efficiency results, and ''M&A activity and other financial transactions by pharmaceutical laboratories'' analyzes M&A as well as other announced transactions by efficient and inefficient pharmaceutical laboratories. Conclusions are drawn and suggestions for future research are given in ''Conclusions''.
Efficiency measurement in pharmaceutical firms
The development of a globalized economy has led to a new environment, in which international competitiveness has become fierce and where the concept of 'efficiency' has become strategically important. The pharmaceutical sector, in which R&D is key, is no exception and competition in it has increased dramatically. So, given the importance of this industry from both the political-economic and the ethicalhealthcare points of view, this paper aims, as a first step, to measure the efficiency of large pharmaceutical firms.
The pharmaceutical industry is very important not only in health terms but also in economic terms, so it is relevant to study its internal and external R&D activity at both industry and laboratory level, and from the perspectives of public [9] and private funding of R&D. In addition, pharmaceutical companies have engaged in R&D collaboration not only with other laboratories but also with other firms and universities [45] . According to the IMS Institute [35] , spending on medicines will reach nearly 1.3 trillion USD in 2018. This would mean an average annual growth of 6 % over the period [2009] [2010] [2011] [2012] [2013] [2014] [2015] [2016] [2017] [2018] . The pharmaceutical industry is therefore a key sector. Few other industries can match its contribution to investment in R&D, trade balance, and creation of skilled employment.
Nonetheless, this sector faces major challenges in the current context. In addition to regulatory hurdles and escalating R&D costs, it has been severely hit by the impact of fiscal austerity measures. How pharmaceutical companies -and related stakeholders-approach these problems may impact both the worldwide economy and the future health of the world population.
In this concentrated industry, the ten largest pharmaceutical laboratories represent approximately one-third of the global market. Six of them are from the US, while the remaining four are from Europe. A study by the IMS Institute [34] highlights that, although there has been rapid growth in emerging economies (such as Brazil, China, and India), North America and Europe currently account for more than 50 % of global spending, which justifies the use of the EMA and the FDA in this study.
Regarding the analysis of efficiency in the pharmaceutical sector, most of the literature has centered on Asian countries. One of the earliest studies was by Honjo and Haneda [33] , who analyzed the efficiency of 14 Japanese pharmaceutical firms over the period 1977-1991 with a DEA model comprising one input and two outputs.
You et al. [59] measured the efficiency of pharmaceutical firms and identified their determinants using Korean and American samples. They used four different types of efficiency (cost, allocative, technical and scale) based on DEA and, by means of regression techniques, studied the impact of ownership structure, R&D investment, and scale economies. Mao et al. [43] evaluated the business performance of thirty-four Chinese pharmaceutical companies using DEA. They considered three inputs (size of the workforce, administrative expenses, and gross assets), and one output (operating revenue). This study concluded that the overall efficiency of this sector in China was not high. Other studies have used this methodology to rate pharmaceutical firms in India [44] and Iran [36] .
In this sector, innovation is of special importance from a health perspective, so the importance of R&D should be considered in the analysis. Wang and Huang [56] evaluated the relative efficiency of R&D activities across countries. These authors used patents and academic publications as outputs. Hashimoto and Haneda [30] focused on the R&D efficiency of pharmaceutical companies in Japan and considered that the efficiency frontier shifted over time. As an input, they used R&D expenditure and considered three outputs: patents (as a proxy of invention), pharmaceutical sales (as a proxy of product innovation), and operating profit (as a proxy of process innovation). Shimura et al. [52] used one input (R&D expenditure) and three outputs (sales, operating profit, and the accumulated number of weighted new molecular entities approved by the Japanese Ministry of Health) to measure R&D productivity. CruzCáceres et al. [19] discussed the relationship between innovation and performance and proposed a new approach to tackle it, using R&D capital stock and highly skilled staff as innovation inputs, and new products and patents as innovation outputs.
DEA optimization technique
A company's business efficiency can be defined as the relation between the value created and the resources used for creating it [6] . It is a broad term that can be assessed by considering a single ratio or by means of several inputs to consider resources employed and outputs to express value creation.
When measuring the efficiency of a company, the literature offers a wide variety of alternatives for inputs and outputs depending on the authors' approach. A general pattern does exist, however. Input variables tend to represent investment metrics, both tangible-such as number of employees, number of branches, and administrative expenses [58] -and intangible-like product and process knowledge [2] . On the other hand, output variables are generally key performance indicators, both in absolutesuch as profit, market share, and market value [55] -and in relative terms-like profit ratio, return on assets, and B/M ratio [57] .
Under these circumstances, DEA is a common approach for studying business efficiency. Cooper et al. [18] define DEA as a ''data-oriented approach for evaluating the performance of a set of peer entities that convert multiple inputs into multiple outputs''. For this reason, this technique has been used to measure relative efficiency in different kinds of entities, such as hospitals [11, 41] , universities [51] , retail stores [55] , banks [58] , airports [48] , holdings [57] , and sport teams [24] . Figure 2 outlines the approach followed for assessing the efficiency of pharmaceutical companies. It is mainly based on a four-step process. The first one is the study of strategic issues-the pharmaceutical sector (and its distinctive features) and DEA-based techniques. The second one aims to determine how efficiency must be measured in this environment. Note that DEA allows the efficiency of companies to be measured from a multidimensional perspective, so several inputs and outputs are defined. The third one is the construction of the DEA model under two different assumptions: constant returns-to-scale (CRS) and variable returns-to-scale (VRS). In the last step, results are analyzed from a double perspective. On the one hand, the efficiency of a relevant sample of the world's leading pharmaceutical companies is evaluated, which is the main goal of the paper. On the other hand, the peers, i.e., references at the frontier for inefficient firms, are discussed.
Additionally, and as intermediate steps in the evaluation process, data, results, and consistency must be checked. Data are checked to verify that the DEA model can operate with the defined combination of inputs and outputs (e.g., with non-negative values, or with constraints in the available data), while results are checked to study the representativeness of the solutions. Finally, consistency is checked to ensure that the results are sufficient to draw conclusions, so a number of models are created. For reasons of space, in this paper we only discuss the three final models. The whole process was carried out during 5 months, with weekly meetings of an interdisciplinary group of five people, some of them experts in the methodology and others with proven knowledge of this sector.
In the original study by Charnes et al. [13] , DEA is described as a ''mathematical programming model applied to observational data that provides a new way of obtaining empirical estimates of relations-such as the production functions and/or efficient production possibility surfacesthat are cornerstones of modern economics.'' DEA is a non-parametric frontier-efficiency method using a linear programming technique for measuring performance. It assesses the relative efficiency of a set of decision making units (DMUs), pharmaceutical laboratories in this study, that are engaged in performing a similar function using a set of inputs (related to investment by the firms) to produce a set of outputs (indicators of their performance). When a DMU maximizes the relationship between outputs and inputs, it is located on the frontier, and is regarded as an efficient unit (100 %). If not, the relative efficiency of the DMU is measured in the interval (0, 100 %) subject to the absolute efficiency of the DMUs on the frontier, which reveals that this efficiency could be improved by changing the proportion among inputs. Subsequently, the DMUs can summarize the quantitative index of overall efficiency and hence can be ranked by scale.
DEA has been widely used by researchers in a number of fields for modeling operational processes for performance evaluations, in governmental and nonprofit sectors and in regulated and private sectors. These multiple applications were supported by further development by Zhu [60] , who tested a number of DEA models that can be used in performance evaluation and frontier estimation.
DEA can be carried out under the assumption of CRS or VRS-i.e., by introducing a scale constraint in the model, hence DMUs are not penalized for operating at a nonoptimal scale [4] .
Under the VRS approach, the CCR model (from the CRS approach) [13] becomes the BCC model if the convexity constraint is added. This classic DEA-based model in its output-oriented form to measure efficiency is formulated by (1) , where n is the number of DMUs (general index i, while l is the index of the specific DMU whose efficiency is being assessed), m is the number of inputs (general index j), p is the number of outputs (general index k), k i are the multipliers used for computing linear combinations of the DMU's inputs and outputs (i.e., the model's decision variables), x ij is the observed amount of input Measuring the efficiency of large pharmaceutical companies: an industry analysis 591 j of DMU i, and y ik is the observed amount of output k of DMU i. Note that u * refers to the optimal efficiency score of a DMU. That is, if u * = 1, DMU l is technically efficient. Note that both the CCR and the BCC models are radial projection constructs for characterizing efficiency, unlike other models such as non-radial ADD [14] . Finally, both models are invariant to the units of measurement. Maximize:
Subject to:
The work by Barr [5] can be consulted to decide between the technological choices that are currently available to implement DEA. In order to estimate relative efficiencies under the standard CRS and VRS models we used the DEAP software developed by Professor Tim Coelli. In particular, to solve the linear programming problems this study used DEAP 2.1 software [15] , which is also valid for computing Malmquist DEA, i.e., for calculating indices of total factor productivity (TFP).
Some studies estimate Malmquist productivity indexes (TFP indexes) using DEA and break them down into sources of productivity change. We did not calculate TFP given that a data set with no missing values is needed in all the relevant years (from 2008 to 2013 in our case). The Malmquist productivity index was introduced by Caves et al. [12] as the ratio of two distance functions pertaining to distinct time periods. There are several alternative ways to compute TFP. For a discussion and for an empirical example applied to pharmaceutical laboratories in Spain, see [27] . For a study on the dynamics of technological innovation, see [1] .
Data selection and DMUs
This research uses data within the 2008-2013 time period obtained from three main sources: the FDA, the EMA, and Datastream. The FDA and the EMA are responsible for protecting and promoting public health in the US (the former) and the EU (the latter) through the regulation and supervision of medicines. They require that each new medicine is evaluated through various phases of clinical trials. Both agencies maintain a historical database with all medicines approved.
1 Data was also taken from Datastream, a global financial and macroeconomic database.
Initially, we focused on a list of 241 large pharmaceutical laboratories taken from Datastream (TR GLOBAL PHARMA list) and generated on June 4, 2014. All financial information from large laboratories from different countries was generated in USD.
We then identified the Datastream constituents with financial information in the study period 2008-2013 and computed an average for each of the financial variables considered over the study period. We chose an average in order to deal with possible missing values in any given year for specific laboratories. We also considered the sum of all values for each variable (instead of the average) with no significant changes in efficiency estimates.
Subsequently, we searched for Datastream laboratories with new chemical entities approved by the EMA and FDA during the study period (at least one drug authorized in the period 2008-2013 by EMA or FDA). Our final sample is made up of 37 pharmaceutical laboratories, which are the DMUs in our research, with full Datastream information and also with new drugs approved by the EMA and/or FDA in the period 2008-2013.
Given that there were 241 pharmaceutical laboratories in the original Datastream list and that a balanced data set with no missing values in any of the variables is needed in order to estimate DEA relative efficiencies, two important issues must be taken into account in order to try to assure that our final sample of 37 laboratories represents the large pharmaceutical sector.
The first is to know if the economic activity of our sample of 37 large laboratories represents a large proportion of the total activity of the pharmaceutical laboratory sector. The second is related to the absence of a time dimension in our DEA model because a time dimension is only included in our DEA analysis when discounting the number of days that a new drug has been authorized.
To address both issues, we compared the market capitalization, net sales, and net income of the Datastream list of 241 laboratories versus those of the final 37 laboratories year by year. Our 37 laboratories were seen to represent 80 % of the market value of the 241 laboratories, and similar figures were obtained for net sales and net income. Thus, this analysis suggests that our 37 laboratories represent a large proportion of the large pharmaceutical companies' economic activity. However, the time effect over the period [2008] [2009] [2010] [2011] [2012] [2013] shows that laboratories excluded from the 37 gained increasing importance in terms of creating value, increasing sales and increasing net profit. The details are shown in Table 8 of ''Appendix 1''.
Given that the number of new drugs authorized by the EMA [22] or the FDA [23] per year is very small, we accounted for the aggregate number of drugs authorized to each laboratory over the whole period 2008-2013. It must be stressed that we only consider innovative drugs, i.e., generic drugs are NOT taken into consideration and are totally excluded from our analysis. If we had considered new drugs authorized per year, we would have had to rule out additional laboratories every time they had no authorized new drugs in a given year and we would not have been able to compute the DEA efficiencies at the year level for such laboratories.
Description of variables: inputs and outputs
In this non-parametric DEA approach aimed at measuring the relative efficiency of pharmaceutical laboratories, we used different combinations of inputs and outputs in order to measure the performance of the laboratories and applied sensitivity techniques to verify the consistency of the results. This selection of the inputs and outputs of the model is a key part of a DEA study. The larger the number of inputs and outputs, the less discriminatory the model becomes. Boussofiane et al. [8] stated that, as a rule of thumb, in most situations satisfactory discrimination is obtained if the number of units in the assessment set (DMUs) is three times the number of inputs times the number of outputs. Cooper et al. [17] uphold that the number of DMUs should be at least three times higher than the number of inputs and outputs. The more inputs and ouputs included in a DEA model, the higher the relative efficiency and the higher the number of laboratories that are likely to be at the efficient frontier. There should be a balance between including all relevant inputs and outputs and being able to differentiate between efficient and inefficient labs.
Seven variables were used in the final models to measure the business efficiency of large pharmaceutical firms in the period 2008-2013. Three of them were considered inputs, and another three outputs. The remaining one was considered both an input and an output in different models as it may be understood either way.
The inputs (I1, I2, I3) represent proxies of the investment in innovation by the pharmaceutical firms:
-Size of the workforce (I1-SW) This refers to the average number of employees in the company (including all the business functions) in the above-mentioned period. -Total assets (I2-TA) This is expressed as the average assets (land cost, building cost, inventory, machine and equipment, and so forth) of the company in the abovementioned period, which represent a measure of the total size of the company. -Total sales (O3-TS) This is expressed as the average sales of the company within the above-mentioned time period and contains information on one of the key indicators in companies, market share.
Many of our 37 laboratories have zero drugs authorized in a given year and DEA requires a balanced data set in order to compute the frontier and estimate relative efficiencies. Given that we take averages for financial data, we also had to add up all the new drugs during the period. One simple alternative would have been to directly consider the number of new chemical entities authorized by EMA and/or FDA during the study period from 2008 to 2013. However, it is not the same to have a new drug authorized at the beginning of the study period (generating cash flow during the whole period) than at the end of the study period. We show in Table 9 of ''Appendix 1'' the evolution over time of new drugs authorized by EMA and/or FDA. We also show the accumulated number of days until 31st December 2013 and the number of days discounted. To account for this time effect, we computed a new variable that we define below.
In any case, it is striking from our authorized drug sample summarized in Table 9 that the number of new drugs authorized by the EMA, in any of the years between 2008 and 2013, is higher than the number of new drugs authorized by the FDA. We carefully double-checked our database and, to the best of our knowledge, we believe that the authorized drug information has been extracted correctly. Thus, our interpretation of the available data is related to the fact that there is not a clear-cut difference between a really new chemical entity and a generic drug. There is a grey zone in between for drugs that are not a radical innovation but an incremental innovation. This may explain why in Table 9 of the Appendix, the EMA has more authorized new drugs than the FDA. The EMA database includes generic and non-generic drugs and provides a field named ''generic'', while the FDA separates new chemical entities from the rest.
As mentioned above, one variable is considered both an input and an output:
-Number of days of authorized innovative medicines considering the time effect (I4/O4-NDAIMCTE) A simple approach for considering new authorized drugs in the analysis would have been just to count the number of authorized drugs per laboratory during our study period. However, we wished to take into account the time effect. Thus, NDAIMCTE refers to the number of days that each innovative medicine has been authorized in the US and in the EU until the end of the period (or until the date of removal, if the medicine is no longer sold), taking into account the time effectin order to consider the decline in innovation in medicines as time passes.
Note that, although both the EMA and the FDA also provide information for new generic drugs, which are a very important part of the pharmaceutical drugs picture [25] , there were substantial differences between EMA generic authorizations and FDA generic authorizations. This is because the FDA considered many minor changes as new authorizations so these were not directly comparable to EMA generic authorizations.
This final variable was devised from the initial variable 'number of authorized innovative medicines', with the aim of checking consistency in the results. After exploring several alternatives, the time effect-required for modeling the passing of time on the effect of an innovative medicine on company profits-was introduced by means of a mathematical function expressed in (2) . Equation (3) represents the value of this variable for each medicine. Afterwards, the local results were added to obtain the global value of each laboratory. Note that t F refers to the end of the period (December 31, 2013) or date of removal and t 0 represents the date of authorization. After testing several alternatives, the parameters were set at the values k 1 = 0.000632208 and k 2 = 0.01. Table 1 presents the descriptive statistics of the seven variables considered for the database comprising 37 pharmaceutical laboratories.
The dataset for the 37 pharmaceutical laboratories and the seven relevant variables (inputs and outputs) for the different DEA models are given in Tables 11 and 12 of ''Appendix 2''.
Models
The iterative process followed led to the consideration of three models that are summarized in Fig. 3 .
Model I only considers the six macroeconomic variables (three inputs and three outputs) explained above. Models II and III take into account the NDAIMCTE variable: model II as an input, and model III as an output. A double approach is adopted for this variable according to the following interesting interpretations:
-NDAIMCTE can be understood as an input, because the more approvals of medicines the laboratory has, the more its outputs can be expected to improve (more sales, more net income, and more market value). That is to say, this approach considers that the authorization of a medicine makes sense only if reflected in these indicators. -NDAIMCTE can be considered an output, because the higher the inputs (the more employees the laboratory has, the bigger the investment, and the more investment in R&D), the more authorizations of medicines it can expect. In other words, if this variable is set as an output, the model measures how efficient the laboratory is in developing new products. This approach, which considers innovative medicines as an output indicator, highlights the importance of innovation in this sector.
For the three models, we consider an output-oriented DEA model where there are as many objectives as output variables in each case-net profit, market capitalization, and total sales-and the issue of new drugs in model II.
It is also important to consider the relationship between the number of DMUs and the number of inputs and outputs in the model. Since the number of DMUs (37) is more than three times higher than the numbers of inputs and outputs (six in model I, and seven in models II and III), the Cooper et al. [17] criterion is verified, hence the models are appropriate. Regarding the Boussofiane et al. [8] criterion, satisfactory discrimination is obtained as the number of inputs is at least three times the number of inputs times the number of outputs (nine in model I, 12 in models II and III). Note that our iterative process led us to study different alternatives. Our first approaches were based on considering the NDAIMCTE as a core output in the study. However, when considering new authorized drugs, not all of them are equally innovative or equally successful. Innovation is difficult to measure, while success is difficult to predict. Researchers approach this problem in different ways. Kesselheim et al. [39] perform a systematic search for papers measuring drug innovation characteristics and compare different approaches. Light [42] evaluates drug innovation from 1982 to 2003 in three geographic areas (the US, Europe, and Japan) by calculating the ''research productivity'', which is defined as the ratio of the number of new molecular entities (NMEs) to the amount of investment in R&D.
One way to capture this future uncertainty about the success of a new drug is based on including market capitalization as an output. Analysts following large pharmaceutical firms will recommend buying or selling shares according to the pipeline and future prospects of existing and yet to be drugs. On the other hand, current success of chemical entities is captured by total sales and net income. In summary, these three outputs (market capitalization, total sales, and net profit) are good proxies to capture the innovation and success of authorized new drugs.
The use of these variables is a common approach. In their variable returns to scale DEA model, Shimura et al. [52] utilize three variables to evaluate R&D productivity (cumulative R&D expenses in the period 2002-2007, number of new molecular entities and aggregate net present value). In our analysis, we had to decide whether to include only new chemical entities or to include both new drugs and generic drugs. After analyzing both databases (EMA and FDA), we decided to exclude generic drugs because, at the FDA, minor changes (i.e., in the prospect or leaflet) were included for generic drugs while this was not the case at the EMA.
DEA efficiency: results and discussion
The main efficiency results of this research are reported in this section. It should be clarified that, as previously explained, we evaluated the efficiency of the 37 pharmaceutical firms only under the VRS assumption because the CRS model is not valid given the importance of scale effects in the pharmaceutical industry. Table 2 re ports the main results of models I, II, and III under the VRS assumption, in which the overall ranking is not influenced by the size of the company. The relative efficiencies of the 37 pharmaceutical laboratories are displayed. Note that, firstly, this table points out the companies that are relatively efficient in model I, and, secondly, their significant change rates (greater than 5 % in model II) are highlighted in bold in models III and IV. Table 3 summarizes the main results. From Table 2 , it is possible to see that-as expectedmore companies are judged to be part of the efficient frontier in models II and III since the number of variables is greater, so efficiency is measured over more dimensions. The 'change rate' columns show in bold those companies whose improvement in efficiency is significant (greater than 5 %)
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When the NDAIMCTE variable is added to the model, average efficiency tends to increase, because the model is less discriminatory. Nonetheless, the increase is slight: 1.83 % when it is considered an output, and 1.59 % when it is considered an input. The number of efficient firms increases to 25 in the first case, as ELI LILLLY, NOVARTIS, SHIRE, and TAKEDA become efficient. In the second case, the number of efficient laboratories increases to 22 as BIOGEN becomes a new member of the frontier.
It must be highlighted that, given the slight change when the NDAIMCTE variable is considered either as an output (only five firms increase their efficiency more than 5 %) or as an input (four firms in this case improve their efficiency more than 5 %), the robustness of model I under the VRS assumption is verified. Thus, our study can be interpreted as a realistic approach for measuring efficiency in the pharmaceutical industry.
Broadly speaking, the results provide evidence of the good position of pharmaceutical companies in terms of competitiveness in innovation. In model I, 31 out of the 37 companies analyzed in this study present a level of efficiency greater than 85 %. In models II and III, this number increases to 32.
Finally, Table 4 presents the DEA-based analysis of peers for models II, III, and IV under the VRS assumption. The benchmark peers of each pharmaceutical company refer to the efficient laboratories that are taken as references to calculate their efficiency. Note that benchmark peers are ordered from the most influential to the least influential. Obviously, the most efficient companies do not have benchmark peers.
M&A activity and other financial transactions by pharmaceutical laboratories
In the introduction, we have indicated that large pharmaceutical laboratories have two nonexclusive alternatives for managing their portfolio of new drugs and we have discussed previous contributions. Simultaneously, they may develop new drugs internally but they may also engage in mergers and acquisitions or other transactions to obtain new drugs or to change the composition of their portfolio of promising drugs (selling new drugs and buying other types of new drugs).
In this section, we discuss, first, the direct effect of M&A activity among laboratories with drugs authorized by EMA and FDA during our study period and, second, the effect of large and smaller transactions. We analyze the effect of large merger and acquisition (M&A) activity (with direct effects on the number of new drugs authorized by EMA and FDA) in the pharmaceutical industry during the period 2008-2013 and its potential effect on the estimated DEA relative efficiency of pharmaceutical laboratories. Some pharmaceutical laboratories acquire other innovative laboratories that have new chemical entity authorizations from the EMA and the FDA. If we restrict the mergers considered in [16] to those that occurred during our study period, there were four major mergers (Pfi- We then re-estimated our DEA models, and found very small changes (or none at all) in the relative efficiencies of pharmaceutical laboratories. Table 10 in the Appendix describes new drugs authorized by EMA and FDA to laboratories that do not belong to our sample of 37 laboratories but to laboratories that have been acquired by, or have merged with, any of our 37 laboratories.
In order to further address financial transactions by pharmaceutical labs, we also obtained much more detailed data on transactions announced by our 37 pharmaceutical laboratory sample in the period 2008-2013. We provide two summary tables (transactions announced by year and by pharmaceutical lab) including information about all announced transactions from the S&P Capital IQ transactions database performed by our sample of 37 pharmaceutical laboratories during the period 2008-2013. In total, 2071 transactions were announced by our sample of large pharmaceutical labs. Transactions include merger and acquisitions, private placements and buybacks (Table 5 ).
The total size of announced transactions during the study period for our sample of laboratories was 982,036 million USD. Given that for some of the 2071 transactions the size was not reported, this is a conservative figure (Table 6) .
We split our sample in two. One subsample is made up of 21 efficient laboratories that are at the DEA frontier according to our DEA model I and the other is made up of the remaining 16 inefficient labs. Our sample of inefficient laboratories has an average efficiency of 84.8 %.
The size of the announced transaction was not available for all transactions (in smaller transactions some transaction details were not reported). Whenever this information was available, we used it to estimate the total size of these announced transactions for the two subsamples (efficient laboratories and inefficient labs).
We now make a simple comparison of these two subsamples. The total number of announced transactions is very similar in our two subsamples: 1025 announced transactions by 21 efficient laboratories, and 1046 announced transactions by 16 inefficient laboratories. On average, each efficient laboratory made 48.8 transaction announcements during our study period while each inefficient laboratory made 65. 4 .
The average size of the announced transactions is higher for efficient laboratories (575,039 mm USD) than for inefficient laboratories (407,258 mm USD).
As a robustness check, we excluded Mitsubishi (an inefficient laboratory with 365 announced transactions) from the comparison given that this company is a conglomerate and some announced transactions are not directly related to the pharmaceutical sector. Once Mitsubishi is excluded, the total number of announced transactions is: 1025 transactions by all efficient laboratories (as before) and only 681 transactions by all inefficient laboratories in our sample. On average, each efficient laboratory made 48.8 transaction announcements during our study period (as before), while on average each inefficient laboratory (excluding Mitsubishi) made 45.4.
As an additional robustness test, we used yearly data on announced transactions during our study period to run two OLS regression s, see (4) and (5). The results are shown in Table 7 , see respectively OLS 1 and OLS 2.
Announced transaction SIZE it
Total assets i
Announced transaction SIZE it Total assets i
The dependent variable is the size of the total transactions per year per lab divided by average total assets of the lab during the study period. There are two independent variables: the ratio of R&D to total assets, and a measure of efficiency (either relative efficiency of each pharma lab during the whole study period or, alternatively, a dummy that takes value 1 when the pharma lab is at the frontier and zero otherwise).
In both cases, our two OLS regressions show that both R&D/TA and Efficiency (or efficiency dummy) have a positive and significant impact on the number of announced transactions relative to total assets. That is to say, the labs that invest more in R&D and that have with higher DEA efficiency strike more deals (more announced transactions relative to the size of the lab measured as total assets). Relative Efficiency is significant at the 1.5 % level and the efficiency dummy is significant at the 1 % level. R&D relative to total assets is also significant at the 1 % level in both OLS regressions.
Given our study period and considering only 36 laboratories, in our two OLS regressions, efficient laboratories make on average more transaction announcements, and the relative size of each transaction announcement is higher. Also, labs with more R&D relative to total assets strike more deals than labs with lower R&D relative to total assets.
We ran two additional OLS regressions with an interaction term in each regression, see (6) and (7) corresponding to OLS 3 and OLS 4 in Table 7 .
After including the interaction term, results continued to be significant and positive for the estimates of b 1 and b 2 The 'Change rate' columns show the number of companies whose improvement in efficiency is significant (greater than 5 %)
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and the estimate of the interaction term b 3 is significant but negative. We interpret the results as follows. When we include the interaction term, the interpretation of this interaction term is that the labs that simultaneously are both more efficient and also invest more internally in R&D relative to total assets, announce smaller transactions relative to total assets of the lab (if you are very efficient and you invest more in R&D then you do not need so much to make more external acquisitions and other transactions).
One concern when interpreting the results of our regression results would be that R&D/TA is a ratio variable made up of two variables that are also inputs in our DEA efficiency models. Thus, it is important to check if the two regressors (R&D/TA and Efficiency) are independent or not (if they are weakly or strongly correlated). If they were strongly correlated, our OLS results would be biased. We tried to assess whether R&D/TA and DEA efficiency (or DEA efficiency dummy) are independent of each other or not. First, we analyzed the correlation matrix of all the variables used in our four regressions. Also, we made two additional regressions (R&D/TA on DEA efficiency and R&D/TA on DEA efficiency dummy). The R square is 0.0022 in one case and 0.0409 in the other. Given these robustness checks, we conclude that the results obtained in our OLS models are valid and not biased. For reasons of space, we do not report the correlation matrix and the extra regressions although they are available upon request. Although studies considering patents adjust for the quality of patents considering the number of times that a patent has been cited, in our case, only the most successful new drugs in the pharmaceutical pipeline are approved by EMA and FDA, so this measure is a better proxy for successful R&D.
We used DEA non-parametric techniques, considering multiple inputs and outputs, and defined several dimensions in which large laboratories are considered to be efficient. While the inputs refer to different ways of measuring investment in the company, the outputs consider performance indicators. The relevance of R&D in this sector was also taken into special consideration. 21 companies proved to be efficient and 16 inefficient when considering three inputs and three outputs under the VRS assumption. The average level of efficiency in the base model was 93.45 %. In addition, ten companies are not efficient, but present a level of efficiency greater than 85 %. Broadly speaking, this indicates the high competitive level of companies in this sector.
Some previous papers estimate either DEA efficiency or DEA total factor productivity of pharmaceutical firms but most studies focus on a single country. Also, when measuring R&D efficiency, most previous papers consider the number of patents as a proxy for R&D. In this study, as a proxy for R&D we considered not only the number of new chemical entities approved by EMA and FDA for each laboratory but we also adjusted this figure considering the specific date of authorization of each new chemical entity.
Shimura et al. [52] perform statistical analysis to explore links between R&D and industry consolidation in the period 2002-2007 considering a sample of 21 pharmaceutical laboratories. We, however, focus only on DEA estimates but consider more efficiency dimensions and we explore in detail peers at the frontier for the pharmaceutical laboratories that are not fully efficient. We perform an efficiency analysis without a DEA second stage approach given that DEA second stages are subject to some controversy as discussed above.
We extend prior literature related to markets for technology and internal and external R&D strategy by considering in much more detail announced transactions and including not only a few very large M&As or a few hundred acquisitions but also many smaller transactions.
Prior related contributions on acquisitions and innovation [3, 7, 16, 26, 31, 32, 38, 47, 52] focus on different characteristics of the acquirer and/or target and whether and how acquisitions create value. In our case, we estimate first the relative efficiency of each pharma lab and then we introduce financial transactions into the analysis. Thus, we searched for further evidence of the link between lab efficiency and financial transactions in the pharmaceutical industry during our study period. Large M&As have been Given our study period and considering only 36 laboratories (excluding Mitsubishi), efficient laboratories make on average more transaction announcements, and the relative size of each transaction announced is higher. Also, labs with more R&D relative to total assets strike more deals than labs with lower R&D relative to total assets. However, when we include the interaction term, this term suggests that labs that simultaneously are more efficient and also invest more internally in R&D announce smaller transactions relative to total assets of the lab.
Although we think that new drugs authorized are a better proxy for successful research than patents, the authorization procedure is not perfect. New drugs submitted for authorization to EMA and FDA are subject to close scrutiny, especially during phase III. However, part of the results of the clinical trials is never published or is published with a considerable delay. Recent legislation tackles this problem. The USA passed legislation in 2007 and, in Europe, new legislation will come into force in 2016. The FDA has the power to fine laboratories that do not comply but it is reported that it has never actually done so [54] .
We propose several possible extensions of our paper. We did not consider information from laboratories with zero new drugs authorized during the study period. This was because of our DEA methodology for estimating efficiency as well as the fact that many laboratories had zero new drugs authorized in many of the years of our sample. However, different approaches and a different methodology may be able to exploit the data in order to further contribute to the subject. Censored regression models could be used to incorporate more pharmaceutical laboratories into the analysis and to consider many laboratories with zero drugs authorized.
Alternatively, with an unbalanced data set, the use of panel data would be helpful in order to account for unobserved heterogeneity and to study the dynamics of the population. Pindado et al. [49] show how firm characteristics influence the relationship between R&D and firm value but, when constructing the unbalanced panel, they impose the restriction that there should be six consecutive years of information available from companies in the sample. This is only possible with a very large database comprising more sectors than the pharmaceutical sector. Another possible extension would be to estimate a twostage DEA using, in the second stage, variables that were not used in the first stage. Explaining DEA inefficiency in a second stage analysis is a common practice for identifying factors whose impact on efficiency is statistically significant. However, the use of ordinary least squares, Tobit or other alternatives is subject to controversy, as well as to limitations and biases according to recent papers. Simar and Wilson [53] compare the pros and cons of the different alternatives, but one alternative which is not subject to controversy is to incorporate all the relevant variables in the first step. This is what we did.
In the case of EMA authorizations, there is authorization information since 1995 and, in the case of the FDA, there is information about new molecular entities since 1999 so this could be used to estimate changes in Total Factor Productivity adopting a DEA/Malmquist methodology in order to study the frontier shift, while also comparing relative efficiency and interpreting the individual evolution of companies. Another alternative would be to explore the differences between generics and new drugs authorized by EMA or FDA.
Another alternative for future research would be to identify the sources and key factors of innovation of the different laboratories in different geographical regions. These factors may be identified at firm level or at country or regional level. In the latter case, factors such as the regulatory environment or approval times are important for pharmaceutical innovations-see e.g., [10, 20, 21] . Recently, Kinch [40] used information on FDA approved NMEs and merged this information with patent information. Grabowski and Wang [28] is another relevant paper on the subject that finds that biotech and orphan products enjoyed tremendous growth, especially for cancer treatment. Naci et al. [46] examined why the drug development pipeline is not delivering better medicines. Finally, it would be possible to explore in much more detail announced financial transactions in order to gain further insights regarding external R&D acquisitions. 
Appendix 2
See Tables 11 and 12 . 
